The goal of this paper is to present appropriate line segmentation for intersections (X-junctions) and branches (T-junctions). In the local regions of intersections and branches, multiple orientations occur. A novel representation called "orientation space" is proposed, which is derived by adding the orientation axis to the abscissa and the ordinate of the image. The orientation space representation is constructed by treating the orientation parameter, to which Gabor lters can be tuned, as a continuous variable. The problem of multiple orientation line segmentation is dealt with by thresholding 3D images of the orientation space and then detecting the connected components therein. In this way, X-junctions and T-junctions are able to be separated eectively. Experimental results are presented using synthesized and real biomedical images. In particular, overlapping vessels in an x-ray coronary angiogram were well segmented by orientation space ltering.
Introduction
Line segmentation is widely used in medical image analysis [1] as well as for other purposes [2, 3, 4] . Width and orientation are the predominant feature parameters that characterize a line. In addition, to detect and separate intersections and branches, it is necessary to analyze lines at X-and T-junctions. At local regions such as X-or T-junction intersections, lines exist at multiple orientations. Koller et al. [5] have proposed using a nonlinear combination of linear multiple scale lters to detect lines of various widths, and selecting only a single orientation for each pixel; however, multiple orientations were not considered in their method. In this paper, we rst focus on line orientation, and then on multiple orientation line segmentation.
There are a considerable number of studies in the literature dealing with multiple orientation feature analysis, mainly relating to the detection of X-and Tjunction edges [6, 7, 8, 9, 10, 11, 12] . Perona proposed detecting junction edges by searching for the local maximal orientation-selective ltering response with respect to continuous orientation [9, 11, 12] . Here, we employ the concept of continuous orientation set out by Perona [9] , extending it to formulate a simple yet powerful method for segmenting multiple orientation lines. We propose a novel representation in the form of a three-dimensional "orientation space," which is derived by adding the orientation axis to the abscissa and the ordinate of the image. The problem of multiple orientation segmentation is then formulated as an analysis of 3D images of the orientation space.
The orientation space representation is constructed by treating the orientation parameter, to which Gabor lters can be tuned, as a continuous variable. In this way, the real component of a complex Gabor lter, which is characterized by an even symmetric receptive eld function, can be used to enhance the lines in an image. Multiple orientation line segmentation is achieved by thresholding 3D images in the orientation space and then detecting the connected components therein. In constructing the orientation space, the selection of a suitable orientation bandwidth for the Gabor lters is important. If the orientation bandwidth is small, the orientation selectivity is high, while the response of a line having a high degree of curvature is low, that is, the sensitivity of the line is low. We therefore need to trade o sensitivity and selectivity for optimum multiple orientation line segmentation.
The paper is organized as follows. Section 2 describes the method used to construct the orientation space using the Gabor lters as tunable lters to represent lines at multiple orientations. In section 3, multiple orientation line segmentation using the orientation space is formulated. The sensitivity limits of the method are also discussed. In section 4 experimental results using both synthesized images and real biomedical images are presented. Finally, our conclusions are summarized in Section 5.
To extract lines that have an even symmetric structure, we use as our tunable lter the real component of a complex Gabor lter [14] , which is characterized by an even symmetric receptive eld function. The lter, which is tuned to an arbitrary orientation to represent lines at multiple orientations, is given by f (x; y; ; ; !) = 1 2 2 expf0 2 x 02 + y 02 2 2 2 g cos(2!x 0 ); (1) where (x 0 ; y 0 ) = (x cos + y sin ; 0x sin + y cos ), is a preferred orientation parameter by which the lter can be tuned, ! is the radial center frequency, and is the aspect ratio of the standard deviation along y to , which is the standard deviation along x. In the frequency domain, the lter is represented by 
As shown in Eq.(3), the orientation bandwidth varies inversely as the product of !. When the orientation bandwidth is small, the orientation selectivity of the lter can be tuned sharply, that is, the orientation selectivity is high. Lines can exist at all possible orientations, and multiple orientations will occur at local regions such as line intersections. In order to represent such multiple orientations at each pixel, an orientation space is constructed by treating the orientation parameter to which the lter is tuned as a continuous variable.
Orientation space representation is a special type of multiple orientation representation that comprises a continuous orientation parameter and preserves the same spatial sampling at all orientations. Let I(x; y) represent any given image. Then, based on the lter f (x; y; ; ; !), the orientation space representation O(x; y; ), is dened as follows:
O(x; y; ) = R R f (x 0 ; y 0 ; ; ; !)I(; )dd:
3 Multiple Orientation Line Segmentation in Orientation Space
In order to enhance a line characterized by width and orientation, we begin by tuning the lter to the optimum scale corresponding to the width of the line, and then deal with the orientation using the lter tuned to t the width. Let us consider a prole having the Gaussian shape given by
where L is the standard deviation of the prole. The response R(x; y; ; ; !; L ) is given by
g cos( . The lter having the optimum scale corresponding to the line width is thus obtained by Eq. (8) . We assume that the lter is tuned so as to have the optimal scale as described below. Figure 2 shows two lter responses in an orientation space, one of which is at the prole center of a given line, and the other at the intersection of given intersecting lines; the scale parameter of the lter is tuned so as to be optimum for the width of the lines in the gure. As shown in Fig. 2(d) , there may be more than one maximum in the lter response R x;y () at a line intersection. In such a case, the maxima correspond to multiple orientations at the intersection. Figure 3 gives outline of the concept of orientation space ltering. As illustrated in Fig. 3 , if a given line is inclined at an angle 1 to the vertical axis, the lter response in the orientation space should have a local maximum at 1 along the orientation axis; also, the responses of lters tuned to the orientation 1 6 =2, where is the orientation bandwidth, give relatively large magnitudes. Therefore, each line enhanced by ltering in the orientation space forms a connected component in that space, and there is a one-to-one correspondence between each connected component in the orientation space and each line. As shown in Fig. 2(d) , there is a local minimum midway between two local maxima and the dierence between the minimum and maxima is large. As a result of their strong connectivity, as well as the orientation selectivity of the lter, the connected components in the orientation space are easily separated by using a threshold whose range is between the local minimum and local maxima. Consequently, we can treat the problem of multiple orientation line segmentation as one of detecting the connectivity in the orientation space. The implementation of the proposed method for segmenting and separating multiple orientation lines can be summarized as follows:
(i) After ltering the image in the orientation space, While noise components can be suppressed by orientation space ltering, some noise components may still remain. However, these components will be removed by thresholding because their volume should be small. Let l i be the set of the pixels in an image that compose a line i. Then, each l i is segmented by mapping the points with the same label in the orientation space to a 2D image plan. That is, l i 2 f(x; y)j(O L (x; y; ) = i); andV i > T 2 g; (11) where i denotes the number of connected components labeled in O L (x; y; ) corresponding to l i , V i is the number of voxels of the connected components labeled i, and T 2 is the threshold. The performance of our method depends on the orientation bandwidth of the lter. As indicated in Eq.(3), the orientation bandwidth depends on the parameters , !, and . Since we assumed that ! = C (we used C = 0:5 in our experiment), is inversely proportional to . That is, if is large, is small, which means that the orientation selectivity is high. Figure 4(a) shows three lter responses for R x c ;y c () (see Eq. (9)) at the intersection center (x c ; y c ) of X-junctions at which angles between two lines are 19 ; 25 , and 31 , where = 2. As shown in the gure, two local maxima were detected. The dierence between the local maxima and the local minimum between them is directly related to the separability of the lines. If the dierence is relatively large, two peaks corresponding to two lines can be separated using the wide range of T 1 (shown in Eq. (10)). Although two local maxima exist when the angle is 19 , the dierence is small, that is, the separability is low. In this case, the selection of the threshold T 1 is quite dicult. Figure 4(b) shows two plots. The continuous line is a plot of the minimal angles between two lines at the intersections of X-junctions having two local maxima when is varied; the broken line is a plot of the minimal angles between two lines at the intersections of X-junctions at which the local minimum is less than half of the local maxima. As shown in Fig. 4(b) , when becomes large, the orientation selectivity becomes sharp, and hence the minimal angle of an X-junction that can be separated and segmented becomes small. Figure 4 (c) shows seven maximal lter responses at the prole centers of circumferences corresponding to the normalized curvature , when is continuously varied from 1 to 5. The maximal lter response corresponding a high degree of normalized curvature is markedly less than that corresponding to a low degree of normalized curvature. As shown in the gure, the maximal lter response becomes small as becomes large, that is, the sensitivity of the curve becomes low. The maximal lter response at = 2 is slightly less than the maximum at = 1. On the other hand, as shown in Fig. 4(b) , when = 2, the minimal angle between two lines at the intersection of X-junction at which the local minimal lter response is less than half of the local maximal lter response is 27 . Taking account of the behaviors of the minimal angle between two lines at the intersection of X-junction and the maximal lter response, in our subsequent experiments, we employed = 2 to achieve a good trade-o between sensitivity and selectivity. 4 
Experimental Results

Synthesized Images
We rst synthesized an image consisting of two intersecting circles, and then imposed added Gaussian noise to the image. Figure 5(a) depicts the synthesized image, and 5(b) the result of orientation space ltering. As shown in Fig. 5(b) , two connected components corresponding to the two circles were extracted in the orientation space, following which the two circles were segmented out (Figs. 5(c) and (d)) .
We next synthesized an image consisting of four intersecting sinusoidal curves, onto which added Gaussian noise was imposed (Fig. 6(a) ). When orientation space ltering was applied (Fig. 6(b) ), four connected components corresponding to the four curves were extracted in the orientation space, and then four curves corresponding to the four connected components in (b) were segmented out (Fig. 6(c) ). There are several overlapping vessels and branch structures in the image. As can be seen in Fig. 7(b) , sixteen connected components were extracted in the orientation space. Figure 7(c) indicates that the sixteen branches of the coronary angiogram were eectively segmented, including overlapping vessels at Xand T-junctions.
Spatiotemporal Image of a Microvessel
Figure 8(a) shows a microscopic image of a rat mesentery microvessel. In order to measure the motion of leukocytes owing along the microvessel shown (a), we generated a spatiotemporal image whose spatial axis is parallel to the vessel region contour to visualize the motion of leukocytes owing along a microvessel [15] . Figure 8 (b) shows the spatiotemporal image. Three leukocyte traces can be seen. Since the leukocytes are obscured by many erythrocytes, in the spatiotemporal image the leukocyte traces suer from erythrocyte interruption and are buried in the noise, making them dicult to identify clearly. Also, the leukocyte traces are shown as intersecting because one of the leukocytes has caught up with another one. Figure 8(c) shows the result of orientation space ltering; three connected components corresponding to the three leukocyte traces were obtained in the orientation space. The three leukocytes traces were segmented ( Fig. 8(d) ), as a result of which the motion of each individual leukocyte could be extracted and measured. 5 
Conclusions
We have presented a novel and simple method for multiple orientation line segmentation, focusing on the orientation features for line characterization. The sensitivity limits of the method with respect to X-junction segmentation were demonstrated. The trade-o between sensitivity and selectivity was considered and illustrated. Experimental results using both synthesized and real images illustrate the eective performance of the method for multiple orientation line segmentation.
In order to represent multiple orientation features, an orientation space is constructed by treating the orientation parameter as a continuous variable. The problem of multiple orientation segmentation is formulated as one of nding the connectivity in the 3D orientation space by virtue of the continuity of lines and their orientation. Multiple orientation line segmentation is achieved by thresholding 3D images of the orientation space and then detecting the connected components therein without employing any extra tracking algorithms. Moreover, as illustrated in experimental results, the method can be employed for curves grouping [13] as well. Since each point along a curve is originated by the same curvilinear structure, and the local orientation at each point along a curve varies continuously, each curve can form a connected component in the orientation space. Consequently, curves grouping can be realized by orientation space ltering without considering any form of constraints. Furthermore, the method can be potentially utilized to segment multiple orientation edges and combinations of edges and lines by adding the imaginary component of Gabor lter with odd symmetry to extend the tunable lter to have quadrature pair , and exploiting the squared output of quadrature pair of the extended tunable lter to construct the orientation space. Two leukocytes traces are intersecting because one leukocyte has caught up with another one. The t-axis is the temporal axis. (c) Three connected components corresponding to the three leukocytes traces were extracted in the orientation space. The -axis is the orientation axis; the s-axis and t-axis correspond to the s-axis and t-axis in (b). (d) The three leukocytes traces were segmented and labeled. At the X-junction, the two intersecting traces were eectively separated.
